Supporting Information
A. Methodology: Communities Detection. Once we have constructed the daily vectors of fund features, we use them to identify 12 communities of similar funds. We compute a measure of similarity for each pair of funds, the cosine similarity used in 13 information retrieval for sparse and multidimensional settings. Given two funds whose time-t characteristics are collected in 14 vectors x(t) and y(t), the time-t cosine similarity (CS) between them is Sij.
31
The clustering algorithm proceeds as follows. First, each fund constitutes a single community. Second, one of the funds is 32 considered, and the modularities of the networks emerging when the fund joins one of the existent communities are computed.
33
The configuration that provides the maximum gain in modularity is kept. Then, the algorithm considers a different fund, and 34 repeats the procedure. The process is repeated for all funds, until no further improvement in modularity occurs.
35
Finally, because the system is densely constructed, we remove redundant edges to avoid fragmentation, i.e., we keep the 36 system connected. We prune the system fixing several threshold levels and select the threshold that maximizes the significance B. List of Attributes. Below, we provide some further comment on our chosen list of attributes provided in Section 1 of the 42 paper, which we use to characterize investment manager behavior.
43
First, we consider as indicators the portfolio quotas invested in different geographical areas, sectors and asset classes. We 44 include these measures among our indicators because they constitute a standard in asset management practice. Indeed, usually 45 funds are classified according to how they allocate their wealth across countries (e.g., in US vs. Eurozone, or in developed vs.
46
emerging countries), or productive sectors (e.g. Tlc vs. banks, or basic materials vs. utilities), or asset classes (e.g., bonds vs. equities or corporate bonds vs. government bonds). Segmentation of funds according to these dimensions, which are usually 48 public information, provides indeed a first rough investment classification that can be utilized by investors. In particular,
49
investors can choose funds that combine investments in their desired geographical area/asset class/sector (e.g. bonds US vs.
50
bonds Eurozone or bank equity US vs. bank equity Eurozone). Table S1 reports the categories in which we decompose the 51 allocations across markets, geographical areas, sectors and asset classes and the descriptive statistics based on our entire sample 52 of funds.
53
To characterize the investment behavior of fund managers, however, we want to consider other dimensions, that go beyond 54 what can be assessed using available public information only, and that can be considered as characterizing factors, driving 55 fund performance as well. The literature largely examines fund performance and proposes alternative models to uncover the 56 factors behind extra-returns, trying to link them to the exposure of funds to some specific market-based synthetic portfolios. the three-factor model by adding two factors: profitability and investment level. These approaches all identify the "betas" for 64 each fund or portfolio of funds, i.e., the sensitivity levels to these factors. In addition they all can be used to regress returns against estimated betas to determine the risk premium of each factor (10, 11).
66
In our paper, instead of identifying the exposures to market-based portfolios that drive the extra-returns we focus on specific 67 features that characterize investment manager behavior in a dynamic framework. There is a vast literature on performance 68 attribution and how dynamic asset allocation, stock-picking decisions, and managerial skills impact fund performance (12-15).
69
We contribute to such literature, focusing, on top of portfolio composition, on the use of derivatives, the trading intensity
70
(measured by the Turnover Index, whose summary statistics are reported in Table S2), the investment concentration level, and 71 the correlation between the trading intensity and two dimensions: market volatility and the net flow coming from fund share 72 purchase or redemption.
73
In particular, we focus on how the net flows (in-and out-flows, see Table S3 ) modify fund assets and influence their Table S4 ) that quantifies how much they are used to hedge stock positions.
76
Finally, investment concentration is accounted for considering 3 indicators, that are the Herfindahl-Hirschman Indeces computed 77 on the fund constituents belonging to the three different asset classes Equity, Corporate Bonds and Government Bonds (see 78   Table S5 ). 
TI). TI in t for fund f is computed as
, where F X i,t is the exchange rate for that position which is applied to convert the exposure in the currency of the fund (whose total market value in t is N AF f,t ). We consider the absolute value of the delta quantities because we are interested in the overall portion of the portfolio which is affected by a change in the exposure due to quantity variations. D. Trading reaction to price changes. We try to analyze, through scatter plots ( Figure S3 ) of daily percentage changes in stock 84 holdings against their daily returns, whether communities react differently to stock price changes. All communities apart from 85 C4 appear very inelastic in the way they react to price movements, thus suggesting that they are playing a sort of "stabilizing"
86
role in the markets they operate in. We find a moderate tendency for the C4 community to buy when returns are negative and 87 to sell when returns are positive, thus potentially acting as negative feedback traders. 
E. Non Parametric Tests.
The number of our attributes we consider is large and some of them may not be very much different 89 across a given pair of communities. However, we want to be sure that the attributes are able to characterize communities, and 90 that, for each of them, at least one of the pairs of communities exhibits different values.
91
We assess the statistical difference of attributes by applying the non-parametric Kruskal-Wallis test, that allows to statistically Table S7 . Non-Parametric Tests. 
